The objective of this work was to evaluate the benefits of using multi-model meteorological ensembles in representing the uncertainty of hydrologic forecasts. An inter-comparison experiment was performed using meteorological inputs from different models corresponding to Hurricane Irene (2011), over three sub-basins of the Hudson River basin. The ensemble-based precipitation inputs were used as forcing in a hydrological model to retrospectively forecast hourly streamflow, with a 96-hour lead time. The inputs consisted of 73 ensemble members, namely one high-resolution ECMWF deterministic member, 51 ECMWF members and 21 NOAA/ESRL (GEFS Reforecasts v2) members. The precipitation inputs were resampled to a common grid using the bilinear resampling method that was selected upon analysing different resampling methods. The results show the advantages of forcing hydrologic forecasting systems with multi-model ensemble forecasts over using deterministic and single model ensemble forecasts. The work showed that using the median of all 73 ensemble streamflow forecasts relatively improved the Nash-Sutcliffe Efficiency and lowered the biases across the examined sub-basins, compared with using the ensemble median from an individual model. This research contributes to the growing literature that demonstrates the promising capabilities of multi-model systems to better describe the uncertainty in streamflow predictions.
INTRODUCTION
The increase in frequency and intensity of riverine flooding has led to a rise in the awareness of flood preparedness among decision makers, highlighting the need to improve and communicate flood forecasts effectively (Berkom et Italy using precipitation and temperature inputs from the Royal Meteorological Service. Hopson & Webster () developed an operational forecasting system for the Ganges and Brahmaputra River basins in Bangladesh using a hydrologic model initialized with National Aeronautics and Space Administration (NASA) and National Oceanic and Atmospheric Administration (NOAA) precipitation inputs, and forecasts were produced using ECMWF ensemble forecast products.
In the United States, streamflow forecasts are provided by the NOAA Advanced Hydrologic Prediction Service (AHPS) using inputs from the National Weather Service (NWS) (McEnery et al. ) . As an enhancement to the NWS's baseline river forecasting system the Community Hydrologic Prediction System (CHPS), an experimental end-to-end Hydrologic Ensemble Forecast Service (HEFS) is used to address a wide range of water information and services such as flood risk and water resources management (Demargne et al. ) . The utility of the HEFS was demonstrated using hindcasting experiments in four River Forecast Centres (RFCs) (Brown et al. a, b) . Furthermore, the National Water Model (NWM) has recently become available to provide streamflow forecasts in 2.7 million reaches across the continental United States and overcome the disparity of the availability of forecasts at discrete locations The first part of this paper describes the context and the selected sub-basins, followed by a summary of the meteorological datasets. Then, a general overview of the hydrologic model and evaluation criteria of the precipitation inputs and streamflow outputs is outlined. Finally, an inter-comparison is performed to quantify the uncertainty from the propagation of precipitation inputs into the hydrological streamflow forecasts during Hurricane Irene. 
MATERIALS AND METHODS

Study areas and context
).
The structure of the model is defined using empirically derived parameters, which are adjustable, and these parameters exist for runoff, base flow and river routing (Feldman ) . In this work, the spatial variability and characteristics of the basin were accounted for using the 
Hydrological model datasets
The Hudson River basin hydrological model (Saleh et In total, 52 precipitation fields, issued on 27 August 2011, were obtained from the Meteorological Archival and Retrieval System (MARS) for this study.
Global Ensemble Forecast System Reforecast (GEFS/R)
The GEFS is a weather forecast model comprising 21 ensemble members (Hamill et al. , ) . The GEFS accounts for the amount of uncertainty in a forecast by generating an ensemble of multiple forecasts, each minutely different, or perturbed, from the control forecast. GEFS is composed of one control forecast and 20 perturbed forecasts. The GEFS retrospective forecast dataset has a spatial resolution of 0.5 and is publicly available from 1985 to present. Reforecasts were generated using initial conditions obtained from high-quality reanalyses data using assimilation systems similar to operational systems. of the analysis to show that GEFS forecasts can be used to produce reliable forecasts from an operational perspective.
GEFS is also currently being used experimentally as a part of the MMEFS at four River Forecast Centres (RFCs) in the United States (Philpott et al. ) . In total, 21 precipitation fields, issued on 27 August 2011, were obtained from NOMADS for the purpose of this study.
Precipitation pre-processing and resampling
The gridded precipitation data were rescaled and projected to the 2 × 2 km standard hydrologic grid (SHG) to match the physical parameter grid scale used by HEC-HMS (Maidment & Djokic ) . The raster datasets were smoothed during the resampling process to a finer resolution from the native NARR, ECMWF, ECMWF-HRES and GEFS resolutions. Four raster resampling techniques from the QGIS 'gdal_warp' package (Bivand et al. ) were used to evaluate the importance of the resampling methods for the spatial variation of precipitation. The resampling methods were the nearest neighbour, bilinear interpolation, cubic interpolation and cubic spline methods.
The nearest neighbour resampling method is a technique for resampling raster data in which the value of each cell in an output raster is calculated using the value of the nearest cell in an input raster. Raster datasets resampled using the nearest neighbour method showed noticeable positional errors, especially along linear features, where there was a visible realignment of pixels (Figure 2 ).
The bilinear resampling technique uses a weighted average of the four nearest cell centres such that the closer an
Figure 2 | Raw and resampled (2 × 2 km) accumulated precipitation (in mm) from the native ECMWF control member, ECMWF-HRES and GEFS control member datasets. The data were rescaled to the 2 × 2 km standard hydrologic grid (SHG) to match the physical parameter grid scale used by HEC-HMS. Four raster resampling techniques were used: nearest neighbour, bilinear interpolation, cubic interpolation and cubic spline methods. 
HEC-HMS model implementation
The The HEC-HMS model was then forced with meteorological datasets from NWP models described above under 'Meteorological datasets and resampling methods'. We compared the precipitation and streamflow retrospective forecasts for Hurricane Irene that were issued on 27
August 2011 at 00:00, for a 96-hour forecast horizon with the precipitation and streamflow of reference obtained using NARR.
Evaluation criteria
The uncertainty from raw precipitation forcing and its propagation through a hydrologic streamflow prediction model is addressed in this section. 
Precipitation evaluation criteria
The precipitation forecasts were evaluated using the Tala 
Flow evaluation criteria
Two statistical criteria were selected to evaluate the streamflow forecasts, and an assessment of the forecasts' skill was carried out using a threshold exceedance diagram. The models were statistically evaluated using NSE and bias (in %), which are used in a number of hydrologic studies. The .
where N is the number of compared values, P i is the simu- BIAS ¼ 100
Additionally, to complement the visual comparison, the peak-box method was used to obtain quantitative insights on the forecasted magnitude and time of the peaks. Such visual tools, which provide information on peak flow and time from an ensemble framework, are important where peak magnitude and times matter, for example, emergency preparedness managers to deploy flood relief measures.
The 'Peak-Box' is a rectangle which has the lower left coordinate set to the time of the first peak flow of all members and the lowest peak magnitude of the flow members during the forecast period. The upper right coordinate is defined by the latest time of occurrence of peak and the highest discharge of all members during the forecast period.
Theoretically, 25% of all the peaks of the ensemble members are included in an 'Interquartile Range (IQR) Box', which is a rectangle bounded by lower left coordinates from the 25% quartile of the peak timing and peak discharges and upper right coordinates from the 75% quartile of the peak timing and discharges of all members (Zappa et al. ) .
RESULTS
Analysis of precipitation
The sub-grid scale of the sub-basins was unable to capture the spatial distribution of accumulated precipitation depths For the Saddle River, the NARR accumulated precipitation was 140 mm (Figure 3 and Table 1 ). The accumulated precipitation for the GEFS ensemble members ranged from 110 to 200 mm ( Figure 3 and Table 1 ), while ECMWF ensemble members' accumulated precipitation ranged from 90 to 220 mm ( Figure 3 and Table 1 Table 1 ).
The control members for both ECMWF and GEFS slightly over-predicted the accumulated precipitation and showed similar precipitation accumulations (∼170 mm).
For Croton River, NARR precipitation of reference showed an accumulation of 130 mm. The accumulated precipitation ranged from 125 to 190 mm for GEFS ( Figure 3 and Table 1 ) and 80 to 195 mm for ECMWF ( Figure 3 and Table 1 ). However, only five out of the 21 GEFS ensemble members (corresponding to 24%) overestimated the accumulated precipitation ( Figure 3 and Table 1 ). In this context, precipitation is seen to be well captured by the ECMWF ensembles' uncertainty envelope. The (Figure 3 and Table 1 ), while ECMWF ranged from 95 to 200 mm ( Figure 3 and Table 1 ). All ECMWF ensemble members projected an accumulated precipitation that ranged from 95 to 171 mm, except for one ensemble member that was overestimating the event ( Figure 3 and Table 1 
Analysis of discharge hydrographs
The discharge hydrographs were analysed visually with respect to the magnitude of peak discharge, and statistically using NSE and BIAS criteria to compare the streamflow outputs. Furthermore, a threshold exceedance diagram along with the peak-box method was used to gain a better Table 2 ).
Both ECMWF and GEFS control members showed peak Table 2 ).
The peak-box method was used as an objective quantitative criterion to quantify the uncertainty in the peak flow magnitude and timing. It showed that for the GEFS simulations, the middle 50% of the ensemble members overestimated the peaks with a slight delay in peak timing (Figure 6(a1) ), while ECMWF simulations showed that the observed peaks fall within the IQR of the simulated peaks but with a marked delay in the peak timing (Figure 6(b1) ). Additionally, the peak flows simulated using ECWMF meteorological inputs showed a higher range of peak timing and magnitude marked overestimation of the peak flow from the GEFS simulations, with the middle 50% members overestimating the peak with a slight delay in the peak timings ( Figure   6 (a2)). The peak-box plot from the ECMWF simulation was characterized by the observed peak falling within the IQR of the peak magnitude but outside the IQR of the This over-prediction in rainfall translated to positive bias in the streamflow simulated by the hydrologic model. However, it cannot be concluded from this event-based case alone whether it is a general trait of ECMWF-HRES to over-predict the rainfall at larger sub-basins.
The median of all ensemble members from the two models was representative of the observed flow and showed an NSE of 0.86 and bias of 6.2% (Figures 6 and 7) .
The threshold exceedance persistence diagram was used to better understand the forecast persistence from an showed a slight lag in predicting the event for all three stations, which further reiterates the benefit of using probabilistic forecasts for decision-making.
SUMMARY AND DISCUSSION
The objective of this study was to evaluate the uncertainty in streamflow forecasts inherited from ensemble-based NWP meteorological inputs. This research contributes to the showed that GEFS members were inclined to be biased, while ECMWF members were characterized by a higher spread (Figure 4 ). Even though a highly spread uncertainty envelope better captures a given flood event, it is important to establish a confidence limit (reliability) that can be conclusively used to inform decision-making. In particular, higher spread in forecasts hinders efficient and effective operational decision-making compared with forecasts that are sharp and reliable. This bolsters the need for pre-processing the precipitation inputs to reduce the systematic biases and reliably quantify uncertainty using different probabilis- Peak discharge values from Hurricane Irene were used as thresholds for both Croton River and Wallkill River. The 96-h forecast horizon for each model from the simulation date shown in the left column is represented by the x-axis. The time period in which the major event hydrological record exceeds the equivalent alert threshold is indicated using a dark red cell, while the cell values refer to the percentage of ensemble members that were projecting a major flood. For instance, if the value is 100, then all flow ensemble members of the particular ensemble are projecting the event within a given time interval, while 0 means none of the ensemble members are exceeding the defined event threshold. The observed occurrence of the threshold is exhibited at the last row for each station, the red colour-code indicates an observed flow higher than the defined flood threshold, while the green cell is flow below the major threshold. Reported time is in UTC. Please refer to the online version of this paper to see this figure in colour: http://dx. There is a need for efforts focused on additional case studies directed toward extreme events using available meteorological datasets such as TIGGE (Bao et al. ) . Outcomes from such analogous efforts along with comprehensive forecast verification strategies are potentially useful for operational forecasters and support more informed decisions during extreme events. In addition to using an ensemble of meteorological inputs to account for atmospheric uncertainty, modelling approaches could also be used to quantify the 
